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Abstract 
Detection of defects in welding is always a challenging task. In friction stir welding process, most of the defects are subsurface 
which needs special techniques for its detection. In the present research work, an attempt has been made to identify the defects in 
friction stir welded samples through the information contained in signals acquired during the process. For this analysis, force 
signals, tool rotational speed signal and main spindle motor current signatures are analyzed using well known fractal theory. 
Higuchi’s fractal dimension algorithm is implemented to extract signal based information in terms of single valued indicator 
known as fractal dimension. The accountable variation in the computed fractal dimensions against the signals for defective and 
defect free cases demonstrates the applicability of fractal theory in detection of sub surface defects in friction stir welding 
process. 
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1. Introduction 
The process of friction stir welding is relatively free from defects which are inevitable to occur in fusion welding 
processes [1]. Even though defects in friction stir welded samples are experienced which are the outcome of 
improper selection of combination of different process parameters, the defects found in friction stir welded samples 
are mostly subsurface [2]. This brings the limitation to visual inspection methods for identification of defects in the 
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welded samples. Available non-destructive methods are applicable in detection of internal defects but these methods 
need high investment and precise experience for the analysis of the collected information. 
Kim et al. [2] studied the effect of different combination of process parameters on defect formation in friction stir 
welding of die casted aluminum alloy. From the investigation, optimum welding window for the process parameters 
were proposed to avoid defect formation during welding. Zhang et al. [3] proposed a mathematical model correlating 
the plunge force, shoulder radius, pin radius and welding speed for obtaining defect free weld during AZ31 
magnesium alloy. A criterion based on axial force, torque and process parameters for identifying defects in friction 
stir welding of 6061 aluminum alloy was proposed by Ramulu et al. [4]. The effect of tool tilt angle on defect 
formation in friction stir welding of 5456 aluminum alloy was investigated by Chen et al [5]. 
Most of the researchers contributed towards finding the optimum range of different process parameters to avoid 
defects. Contributions toward detection of defects in friction stir welding though non-destructive manner is less. 
Hence, in the present research work, an attempt has been made to develop procedure for defect identification in 
friction stir welded samples. Vertical force, traverse force, tool rotational speed and main spindle motor current 
signatures are the four process signals acquired and analyzed for the same. Signal information extracted though 
fractal theory will provide an indicator based on which conclusions can be drawn for samples to be defective or 
defect free. 
 
2. Experimental Investigation 
Friction stir welding experiments are carried out on AA1050 aluminum alloy in butt joint configuration. To carry 
out the experiments, a converted milling machine developed for the friction stir welding process is used. The main 
spindle motor is run by a three phase induction motor at a rated power of 5.5 kW with maximum possible rotational 
speed of 1500 rev/min and maximum line current of 16 A. For welding, tool material is chosen to be SS316 which is 
much harder than the base material. Two pin profiles as straight cylindrical and taper with a taper angle of 10° are 
selected for welding experiments. During the welding experiments, plunge depth is kept fixed at 0.06 mm. To carry 
out the experiments, tool rotational speed is varied as 600 rev/min, 1100 rev/min and 1500 rev/min keeping the 
welding speed fixed at 98 mm/min. The experimental runs with different parameters are listed in Table 1. After the 
welding experiments, welded samples are sectioned at suitable lengths to observe internal defects. 
     Table 1. Experimental runs with process parameters. 
Exp. No. Tool rotational 
speed (rev/min) 
Welding speed 
(mm/min) 
Shoulder diameter 
(mm) 
Pin profile 
1 1100 98 20 Taper 
2 1500 98 20 Taper 
3 600 98 20 Straight cylindrical 
4 1100 98 20 Straight cylindrical 
 
3. Signals acquired during welding 
Four process signals, namely vertical force, traverse force, tool rotational speed and main spindle motor current 
are acquired during each welding experiments. Force signals are acquired using strain gauge based dynamometer 
developed in house dedicated for friction stir welding process. The acquired force signals are filtered using fifth 
order Butterworth filter in MATLAB software package and converted to actual force values using the calibration 
equations formulated during the development of the dynamometer. Tool rotational speed signal is acquired using a 
noncontact type laser sensor at a scale of 1000 rev/min = 1V. Current signal from main spindle motor is acquired 
through a hall effect current sensor set at scale 100 mV = 1A. All the signals are acquired at a sampling frequency of 
10 kHz. Arrangement of different sensors is schematically shown in Fig. 1. 
 
 
174   B. Das et al. /  Procedia Engineering  144 ( 2016 )  172 – 178 
 
Fig. 1. Arrangement of different sensors in the welding setup. 
The two force signals, tool rotational speed signal and main spindle motor current signal are shown in Fig. 2. The 
signals shown represent the case of Exp. No. 3 as given in Table 1. Vertical force signal (Fig. 2a) captures the 
salient characteristics occurred during friction stir welding process. In the figure, a sharp increase in the magnitude 
of the signal can be observed due to the pin plunge in the material. Due to frictional heat generation, material around 
the pin gets soften and force required is reduced and this can be observed as a decrease in the force magnitude. 
Further increase in the magnitude is again observed as the tool shoulder makes contact with the material. As the tool 
shoulder contact area is higher than the pin contact area, resistance offered by the surrounding material is also high 
which results in increase in force magnitude. This is followed by a decrease in magnitude due to the sufficient 
plasticization of material; force required is reduced. Then in the welding period, somewhat stable force data can be 
observed. Apart from the vertical force, the characteristics of the process as mentioned can also be observed in 
magnitude from current signal (Fig. 2d) of main spindle motor even though it is not more prominent as compared to 
force signal. Similar signals are acquired against all experimental cases and analysis will be carried out on these 
signals to identify the presence of defects inside the welded samples. 
 
 
 
Fig. 2. Signals acquired during welding (a) vertical force (b) traverse force (c) tool rotational speed (d) current signature. 
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4. Defects in the welded samples 
Among the four experiments, Exp. Nos. 1 and 2 are investigated to have internal defects. The defects are 
observed after sectioning the welded sample at specific length. For obtaining the macrographs of the defective 
welds, welded samples are polished using standard procedure and etched with Keller’s reagent. After the etching 
macrographs of the welds are captured using an optical microscope at a magnification of 4X. Fig. 3a represents the 
defective weld macrographs. From the Table 1 it is observed that defects in the welds are obtained for the taper tool 
pin profile and welds from straight cylindrical tool is free from defects. In taper profile, the contact area of the pin 
with the plate material is less and hence friction between the plate material and tool material is less. This results in 
less frictional heat generation and hence led to poor plasticization of the material, generating inadequate stirring of 
the material and the material flow is hindered. This generates the defects in the weld. Whereas, welding cases (Exp. 
No. 3 and 4) against the straight cylindrical tool profile (Fig. 3b) is free from any defects inside the weld. Due to 
high material contact, frictional heat generation is adequate which results in proper plasticization of the material and 
so as the material flow is sufficient to consolidate any void formed inside the weld cavity. From Fig. 3a, it is 
observed that the defects so formed are internal or subsurface, no visual inspection methods can be implemented to 
detect the same. Moreover, in industrial aspect, sectioning of the welded sample is also not feasible to identify the 
presence of such defects. Hence, in this research work, signals acquired during welding experiments are analyzed 
using fractal theory to correlate with defect formation procedure in friction stir welded samples. 
 
 
 
Fig. 3. Signals acquired during welding (a) vertical force (b) traverse force (c) tool rotational speed (d) current signature. 
5. Fractal theory in defect detection 
The term ‘fractal’ is first introduced by Mandelbrot [6]. Fractal is mathematical sets with higher degree of 
geometrical complexity that can model any natural phenomena. It was developed to characterize any spatial or 
temporal phenomena that are continuous but not differentiable. Fractal theory describes the inherent irregularity of 
natural objects. Fractal dimension is a measure of how complicated a self-similar figure is. A fractal by definition is 
a set for which the fractal dimension strictly exceeds the topological dimension. The term ‘fractal dimension’ refers 
to any of the dimension used for fractal characterization as capacity dimension, correlation dimension, information 
dimension, Lypuanov dimension and Minikowski-Bouligand dimension [7].  
The representation of fractal dimension for a dynamic signal signifies in terms of a number irrespective of the 
fact whether the object is fractal or not [8]. Algorithms developed for the estimation of fractal dimension do not 
differentiate between fractal and non-fractal objects rather provide a number. For a planar curve if the number 
obtained through any fractal dimension estimation algorithm is in the range 1<D<2, then D is the fractal dimension 
of the curve [9]. In due course of time, many algorithms are developed for the estimation of fractal dimension of 
planar curves which includes box counting method, Katz’s method [9], Higuchi’s method [10], Petrosian’s method 
[11] etc. Among these Higuchi’s method is found to be more robust and consistent among the rests. This algorithm 
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provides the dimension faster than Katz’s and box counting method. Hence, in this work, Higuchi’s algorithm will 
be implemented to estimate the fractal dimension from the acquired signals. 
5.1. Higuchi’s algorithm 
This algorithm was proposed by Higuchi [10]. This is best suited for finite length time sequence. Consider a 
finite length time series sampled at regular interval as X(1),X(2),X(3),…………..,X(N). From the given time series 
a new time series is constructed as follows: 
 
 ܺ௠
௞ Ǣܺሺ݉ሻǡ ܺሺ݉ ൅ ݇ሻǡ ܺሺ݉ ൅ ʹ݇ሻǡǥǥǥ ǡܺ ൬݉ ൅ ඌܰ െ݉݇ ඐ Ǥ ݇൰
 
ݓ݄݁ݎ݁݉ ൌ ͳǡ ʹǡ ǥǥ Ǥ ǡ ݇ 
(1) 
where ہǤ ۂ denotes the gauss’ notation and both ݉ and ݇ are integers. ܯ and ݇ indicate the initial and interval time, 
respectively. For a time interval ݇ , we get ݇  sets of new time series. Now the length of the new curve ܺ௠௞  is 
determined as follows: 
 
ܮ௠ሺ݇ሻ ൌ 
ቐቆσ ȁܺሺ݉ ൅ ݅݇ሻ െ ܺሺ݉ ൅ ሺ݅ െ ͳሻǤ ݇ሻȁቔ
ேି௠
௞ ቕ
௜ୀଵ ቇ ܰ െ ͳቔܰ െ݉݇ ቕ Ǥ ݇
ቑ
݇  
(2) 
The term 
ேିଵ
ቔಿష೘ೖ ቕǤ௞
 represents the normalization factor for the curve length of subset time series. Let the length of the 
curve for the time interval k isۃܮሺ݇ሻۄ, as the average value over k sets of ܮ௠ሺ݇ሻ. If ۃܮሺ݇ሻۄ ן  ݇ି஽, then the curve 
has a fractal dimension of D. In the curve of ݈݊ሺܮሺ݇ሻሻ versus ݈݊ሺͳȀ݇ሻ, the slope of the least square linear best fit is 
the estimate of the fractal dimension. The above algorithm is converted to code using MATLAB and tested on 
synthetic signals for which the fractal dimension is known. The testing results confirm the functioning of the 
developed code and hence implemented for real time signals. 
 
5.2. Fractal dimensions of the acquired signals 
Fractal dimensions for the acquired signals are estimated using the Higuchi’s algorithm. For estimating the fractal 
dimension of the signals, only welding period data is chosen for each signal as characteristics information regarding 
the defect formation is believed to retain by this part of the signals. The signals are fed to the algorithm and fractal 
dimension against each case is estimated. Different signals for defective and defect free cases are shown in Fig. 4. It 
is observed that structural changes in the signals are the indication of process variation which is pointing towards the 
formation of defects inside the weld during welding operation. Estimated fractal dimensions against the 
experimental cases are shown in Fig. 5. The figure reflects that, fractal dimensions of signals for defective cases are 
higher than that of signals for defect free cases. In Fig. 4, signals against the defective cases show a more complex 
behavior than one for defect free cases. Hence, the computed fractal dimensions reflect the complexity present in the 
signals signifying the presence of defect in the welds.  
From the results furnished in Fig. 5 it is observed that, fractal theory is capable in analyzing signals to provide a 
single valued indicator to distinguish between defective and defect free cases. The considerable difference in the 
estimated fractal dimensions against each signal is the representation of the fact that, this indicator can be 
implemented for detecting defects inside the welds through the signals acquired. 
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Fig. 4. Signals against defective and defect free welds (a) vertical force (b) traverse force (c) tool rotational speed (d) current signature. 
 
 
 
 
Fig. 5. Comparison of fractal dimension for defective and defect free welds against all signals. 
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6. Conclusions 
Defect detection in friction stir welding is achieved using signal information and fractal theory. Vertical force 
signal, traverse force signal, tool rotational speed signal and current signature of main spindle motor are acquired 
during the welding process for the analysis. Higuchi’s algorithm is implemented in order to estimate the fractal 
dimensions of the signals. The estimated fractal dimensions against the signals for defective cases shows higher 
values than that for signals against defect free cases. Appreciable difference between the defective and defect free 
fractal dimensions point that fractal dimension of signals can be an effective single valued indicator for detecting the 
presence of defects and hence monitoring of friction stir welding process. 
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